We explore the relative influence of biophysical drivers on phenology to assist validation and parameterization of Dynamic Global Vegetation Models. Using 6.8 years of MODIS data we created a vegetation index time series to map the spatial variability of vegetation phenology in the Amazon. TRMM and CERES data were used as a measure of two biophysical variables, precipitation and net radiation respectively. Using a Fourier transform and cross spectral analysis two aspects were considered from these data, the coincidence of: (A) spatial patterns, presence and strength in the annual cycle, and (B) the coherency and phase differences between the phenology and the biophysical variables. Using the Amazon as a study area we find that the coincidence between phenology and the drivers in annual power strength was not linear and in an area of high coherency we found radiation and phenology was almost in phase, whilst precipitation was not. The correspondence of slightly subdued annual phenology with strong annual radiation indicated that other drivers also influence the strength of the phenology.
INTRODUCTION
Global climate models are a major tool used to simulate the future course of climate and influence policy to mitigate anthropogenic influence on the earth system [1] . However there is still a degree of uncertainty in these models in both the magnitude of climate change and the impacts of climate change on the sustainability of ecosystems. For example by 2050 several model scenarios predict major drying in the Amazon causing a dieback of Amazon vegetation [2] [3] , or at least that Amazon vegetation will become unsustainable [4] . Modelers have recognized that to increase the precision of model outputs it is necessary to refine the physiological response of vegetation to climatic variability [5] . Dynamic Global Vegetation Models (DGVMs) which represent recycling of greenhouse gases between soils and the atmosphere, usually simulate the characteristics of the annual vegetation phenology cycle to represent key events such as the onset of greenness. The accuracy of the phenology simulation depends on the understanding the dominance of biophysical variables controlling phenology, and understanding this on a global scale is a challenge. Satellite data can be used to measure phenology patterns and these data have potential to assist the validation and parameterization of DGVMs. Many researchers have monitored and characterized phenology with remote sensing data, e.g. [6] [7] , using vegetation indices such as NDVI and EVI. These time series (figure 1 and 2) can be compared to other satellite derived time series such as precipitation from the Tropical Rainforest Monitoring Mission (TRMM) [8] , and radiation from the Clouds and the Earth's Radiant Energy System mission (CERES) [9] . With this synoptic view we can begin to understand the relations between phenology and their drivers in a spatial and temporal context. Our objective is to compare a time series of phenology against two biophysical variables, precipitation (Ppt) and net radiation (Rn), and understand the relationships and spatial patterns between, (A) the strength of the annual cycles to give an indication of where and how influential the biophysical driver is and, (B) how closely the annual cycles are in amplitude (coherency) and timing (phase). Where these time series have good coherency there is potential to show cause and effect relations with the offset in the timing between the two time series (phase). We predict that if a biophysical driver controls the phenology the strength of the annual phenology cycle has a positive correlation with the strength of the biophysical driver and that if a biophysical driver has a cause effect relationship with phenology the biophysical variable will slightly precede the phenology cycle. We test these ideas by passing a Fourier transform over the time series and then apply a cross spectral analysis [10] . We examine our results spatially and indicate where and how the two biophysical variables have influenced phenology with the results we have produced so far.
STUDY AREA
The study region is focused on the South America tropics, north west corner: 10.0° N, 81.0° W and south east corner: 20.0° S, 40.0° W. Models have predicted a severe dieback in this area by 2050 so it is logical that we assist any validation / model parameterization in such a critical area. These time series were cleaned to remove data gaps and outliers by averaging the bimonthly composites into monthly composites. For monthly precipitation (Ppt) data we used the TRMM data and other sources rainfall data set at 0.25° by 0.25° resolution acquired from the Goddard Distributed Active Archive Center for the corresponding time period to the vegetation indices. To calculate the net radiation (Rn) budget we used data at 1° by 1° resolution from the CERES mission using the FSW (monthly gridded radiative fluxes and clouds) product. These data were obtained from the NASA Langley Research Center Atmospheric Science Data Center. Daily average Rn was calculated for a full year, 2002, using a sinusoidal model [11] and to avoid the bias of day length radiation for each grid cell was calculated to a 24 hour average and then monthly averages were calculated. To match the length of the phenology time series the 2002 data was replicated and stacked, in the future this will be replaced with all 4.8 years of data from March 2000 (missing June 2001). For time series analysis of radiation against phenology we used a readily available radiation data set of average monthly total radiation, CIPEC, acquired from the INPE (National Institute for Space Research, Brazil). Although the resolution 0.4° by 0.4° is higher than the FSW data the CIPEC archive is restricted to a smaller area corresponding to the north east of the main study area.
METHOD
This method was designed to compare: (A) the presence, strength and location of the annual cycle and; (B) coherency and phase differences between the phenology data and the biophysical drivers, Ppt and Rn. For Part A each time series was de trended and tapered before the Fourier transform was passed over the time series [10] then to synchronize the annual power output over the study area we passed a peak find algorithm on the 7 th period of the periodogram (equivalent to an annual cycle). Pixels with no annual peak were discarded. The results were then re sampled to the lowest resolution dataset and mapped to show the spatial variation in annual power for each data set. These data were divided with cumulative breaks of 33% and 66 % and classified into intervals of low, medium and high power, then multiplied together and mapped to show the correspondence in annual power between the phenology and each biophysical driver. In Part B for each data set we applied a Fourier transform to calculate the power spectra of each time series. Then, after resampling to the lowest resolution dataset, using a cross spectral analysis we compared the phenology periodogram against Ppt then Rn periodograms to yield coherency and phase values. These data were then mapped to identify spatial differences in similarity and timing of the phenology against the biophysical drivers. Figure 6 shows a map of the coherency between EVI and Ppt (TRMM) data for the annual cycle. The values range from 0, no coherency, to 1, perfect coherency. Patterns were similar for the NDVI-Ppt result in that the core areas of low coherency were the same as the EVI-Ppt result, but their extent was smaller indicating that EVI is more sensitive to the comparison. For this reason and to maintain a concise review we will report the EVI results. The areas of high coherency tend to be in the northwest central, eastern and south eastern areas. The main areas of low coherency were in the central west, and a core in the north central area.
Part B: coherence and phase differences
In the areas where there is a high coherency (where the time series periodograms have a similarity in amplitude) we can be confident about the phase shift between the annual peaks and examine the cause and effect relations of Ppt on phenology conversely in low coherency areas the dominance of Ppt on phenology weakens and other cause and effect relations should be explored. We focus on the area of high coherency to examine the phase shifts (timing) between the two time series. A map of these phase differences shows how the phase differences vary spatially (figure 7). To the north of the Amazon river (east west trending linear feature masked from the analysis) the darker blue areas show where phenology precedes Ppt by up to six months (~ + 3.140943 radians = + 6 months) and the darker brown area running east to west across the centre of the area show where Ppt precedes the phenology by up to four months (~ -2.09 radians = -4 months). Towards the south and west of the image the phase difference tends closer to zero, which extends to the Andes and central north (not shown). This indicates that the cause and effect between Ppt and phenology is stronger to the fringes of the Amazon but quite weak in the central and eastern areas, indicating other biophysical Relative power 60° W drivers are in the frame. Figure (8) shows the phase differences between EVI and Rn. Here the analysis is constrained to the bounds of the CIPEC data (see method) and is slightly less that figure 7. The map (figure 8) indicates that EVI and Rn are almost in phase with EVI slightly preceding Rn by less than half a month (~ 0.25 radians) and this relationship dominates throughout the central parts of the study location but weakens in the central east, to the south and south east. Comparing phase shifts with Ppt ( figure 7) and Rn (figure 8) we see that where there is little phase difference between Rn and EVI, there is a phase difference between Ppt and EVI and where the phase difference between EVI and Rn weakens (south and south east), the phase difference between EVI and Ppt begins to tend towards zero. In this particular area these results indicate that Rn is a major phenology driver in central parts whilst Ppt becomes more dominant to the south ( figure 8 ) and at the fringes of the whole study area (not shown).
DISCUSSION
Revisiting our original hypothesis the current progress of this research has shown us that the strength of the annual phenology cycle does not always correspond to the strength of the annual cycle of a biophysical driver. Where a driver has a strong cycle it does not always force a strong phenology cycle and conversely where the driver is weak strong phenology cycles can exist showing that the driver may have a weaker or more dominant effect in different areas. The results presented here are against one driver, Rn, we are now investigating another driver, Ppt and it remains intriguing to see if the cross correlation in the annual power of TRMM data will replicate or show quite different patterns from figure 5. Whatever the outcome it will show where in the Amazon the annual signals in biophysical drivers are most pronounced, and of even more interest if all or some biophysical drivers are pronounced or subdued in the same or different locations. The coherency and phase results show in some areas there is a strong cause and effect relationship between the driver and phenology, and this identifies locations where a driver is dominant over other drivers. In our intensively studied area we have shown spatially how Rn can be in phase and Ppt can be out of phase with phenology in the same locations. However being in phase does not necessarily mean a pronounced annual phenology peak at that location. Our current explanations are of course limited to the drivers that we have analyzed and can analyze with satellite data, so although Rn and phenology were almost in phase there will be other mechanisms influencing the strength of the phenology cycle, e.g. soils, topography, and land use. Soils would have an effect on the soil moisture deficit, which could be explored with continental scale FAO soil maps. In some areas agriculture may dominate and phenology may be more closely related to cropping patterns and we expect a poor correspondence with our 'natural' biophysical drivers. There is also the possibility, particularly as this is an equatorial region that a phenology cycle with a different periodicity, perhaps biannual, may exist in some areas and will drive the phenology strength. Further comparison and cross mapping of phase differences in other drivers will spatially show where different drivers can dominate, or contribute to the phenology cycles.
CONCLUSION
Using a time series of MODIS data, CERES net radiation data and TRMM precipitation data in the region of the Amazon, we have identified using a Fourier transform (i) the presence and spatial distribution in the power of the annual cycle of phenology and net radiation and, (ii) coupled with a cross spectral analysis, identified coherency in areas where phenology and a biophysical driver are closely matched. Phase differences have shown us patterns of cause and effect between the biophysical and phenology. We have shown that where there is a strong coherency between phenology and net radiation and phenology and precipitation, phase differences can vary spatially. We have also shown that a strong annual signal which is in phase with phenology does not necessarily cause a strong annual phenology signal, indicating the partial contribution of specific biophysical drivers to phenology. Continued exploration of the biophysical variables will provide modelers with a better understanding of the drivers of phenology.
